Abstract.
Introduction

34
Computed tomography (CT), magnetic resonance imaging (MRI) and electron paramagnetic res-35 onance (EPR) imaging (EPRI) [1] are all imaging modalities that rely on some form of image 36 reconstruction algorithms to generate images from acquired data. EPRI has similar physics with MRI, If there is a function f (x), for which two adjacent values are known to be f (a) and f (b), then f (c) may be estimated by linear interpolation as shown in Equation (1) .
Linear anterpolation 105
The main idea is to distribute a known value to the two adjacent points, which is expressed mathematically in Equation (2) . Here, symbol '+ = ' means to add the right-hand-side vaule to the left-hand-side variable (the same below). f (s) = f (x n ) (3)
From Equations (3) to (5), it can be seen that distance interpolation computes the sum of all the 
Distance anterpolation
117
Distance anterpolation distributes a known function value to the overlapping unknown function values. The most important point is that distance anterpolation may distribute a known value to more than 2 samples if the length of the known sample is long enough to across more than 2 samples. Figure 1 can also be the schematic representation of the three distance anterpolation cases. Now, the problem is to distribute the known sample f (s) to the function f (x). For the 3 different cases depicted in Fig. 1 , the known sample may be distributed over 1, 2 and 3 samples, respectively. Equations (6)-(8) are the mathematical expressions for the 3 cases of distance anterpolation. Here we present the ordinary pixel-driven projection method. Take 2D parallel beam CT to be 126 example. The 2D pixel grid is f (m, n) with size N × N; the projection at a specific angle is p(k) with 127 size N × 1; the size of each pixel and detector cell both has unit length. The schematic diagram of 128 pixel-driven projection is shown in Fig. 2 . The algorithm is summarized in Algorithm 1.
129
Algorithm 1: The ordinary pixel-driven.
1: for m = 1: N 2: for n = 1: N 3: Calculate the coordinates (x, y) of pixel (m, n) in the imaging coordinate system 4: Calculate the projection address t using the equation: t = x cos θ + y sin θ 5: Anterpolate the projected pixel value to adjacent detector elements, i.e. p+ = anterp lin(t, p) 6: end for n 7: end for m
Three new accurate pixel-driven projection methods
130
It is known that pixel-driven projection method introduces artifacts in projections. Pixel-driven 131 projection relies on linear anterpolation. This suggests that the reason for producing these artifacts 132 may be related to the use of linear anterpolation. Nyquist sampling theory requires that the sampling 133 frequency should be equal to or more than double the highest frequency contained in the signal.
134
Supposing that the projection signal is the destination signal and that the image is the source signal, 135 the high frequency artifacts arising when using pixel-driven projection methods may be removed by 136 ensuring that the pixel size is less than or equal to 1/2 of the detector element size, in order to satisfy the 
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The algorithms for these three new methods are summarized below in algorithms 2-4. in the imaging coordinate system 4: Calculate the projection addresses t 1 and t 2 of the two boundary points using the equation: t = x cos θ + y sin θ. 5: Define a sample s that spans the line segment [t 1 , t 2 ] with a value p(s) = f (m, n). 5: Anterpolate the sample value p(s) to projection p using the distance anterpolation approach and weight its contribution using the length-weighted factor, p+ = anterp dis(s, p) × w len 6: end for n 7: end for m Algorithm 5: The ordinary pixel-driven backprojection.
1: for m = 1: N 2: for n = 1: N 3: Calculate the coordinates (x, y) of pixel (m, n) in the imaging coordinate system 4: Calculate the projection address t using the equation: t = x cos θ + y sin θ 5: Get the value at the projection address, i.e. f (m, n) = int erp lin (t, p). 6: end for n 7: end for m N × N; the projection at a specific angle is p(k) with size N × 1; the size of each pixel and detector 159 cell both has unit length. The algorithm is summarized in Algorithm 5. 
Accuracy-evaluation metrics
161
In order to verify, evaluate and compare the 3 new accurate pixel-driven projection methods integrally, we use root-mean-square-error (RMSE) as the metric. The RMSE is expressed in Equation (9).
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where, p and g are the generated (reconstructed) signal and the ideal signal, respectively. The signals 162 both have N points indexed by i. We will use the metric to measure the projection error and the 163 reconstruction error.
164
To quantitatively evaluate the reconstruction quality focusing on several region of interest (ROI), we use the contrast-to-noise ratio (CNR) as metric [17] (11) and (12), respectively.
165
In the next section, we will use RMSE to evaluate the projection-generation accuracy and use RMSE 166 and CNR to evaluate the reconstructed objects by use of the ordinary projection method and the SPLD,
167
LIB and DAB methods. 
Forward model for 3D EPR imaging
169
3D pulsed EPR imaging may be modeled as a 3D Radon transform [18] . Similar to the CT imaging 170 model, the EPRI imaging model may also be separated into 2 types: continuous to continuous (C2C) 171 and discrete to discrete (D2D) models. .
where, p(t, ϕ, θ) is a 1D spatial projection signal at angle (ϕ, θ), f (x, y, z) is a 3D object, δ is the 176 standard Dirac function and = R 3 . Using this formalism, a projection is the area integral of the 3D 177 object on the corresponding plane: t = x cos ϕ sin θ + y sin ϕ sin θ + z cos θ. 
D2D model 179
The 3D Radon transform is modeled using the D2D model by treating the object as a 3D voxel 180 grid. The projections are also considered to be discrete. Suppose that the object is t = x cos ϕ sin θ + 
where, l(m, n, k) is the intersection area of the ith plane with the voxel f (m, n, k) that projects to 183 p(i). Using Equation (14) results in the plane-driven method for 3D EPRI, which analogous to the 184 ray-driven method in 2D CT. 
Results
186
In this section, we perform 2 studies. One is for the evaluation of the 3 proposed pixel-driven 
Application of the 3 new pixel-driven methods in 2D CT
Evaluation of projection methods on the simulated disc phantom 194
The mathematical phantom used is a large circle containing 4 smaller circles of different intensity
195
( Fig. 5 (a) ). The 2D pixel grid is of size 256 × 256 with each pixel being of unit area. The projection 196 at a specific angle has 256 points with the sampling interval or detector cell being of unit length.
197
The rotational center, i.e. the origin of the imaging coordinate system, is located at [128, 128] . To to these artifacts, the traditional pixel-driven projection method is rarely used in image reconstruction. • generated by use of the ordinary pixel-driven projection method and the analytic method. and DAB methods to the traditional pixel-driven projection method. As discussed above, the traditional 217 pixel-driven projection method is easily extended to other applications; therefore it is reasonable to 218 suggest that SPLD is the optimal method to adopt for image reconstruction in other imaging modalities,
219
such as 3D EPRI and 3D cone beam CT. Generally speaking, a re-sampling factor of 2 is sufficient for 220 most image reconstruction applications. However, one may choose to use a higher factor to achieve 221 higher accuracy in the calculated projections if necessary. of the CNRs of the ordinary and the 3 proposed projection methods is shown in Fig. 12 ; the CNR data 265 are shown in Table 1 .
Evaluation of projection methods and the corresponding iterative image reconstruction via
266
From Fig. 12 and the third row of Here, we evaluate the SPLD pixel-driven (in fact, for the 3D case, it may be more accurate to 278 refer to this technique as voxel-driven, but for consistency it will be referred to as a pixel-driven (Fig. 13) .
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We use the ordinary pixel-driven method and the SPLD method with re-sampling factor of 2 to 285 generate the projections at a specific angle and compare them with the ideal analytic projection (Fig. 14) . In Fig. 14 (a) , it can be seen that the ordinary pixel-driven method results in serious high-frequency 287 artifacts, as evidenced by a very high RMSE of 48.38. However, these artifacts are eliminated when 288 the SPLD pixel-driven method is used (shown in Fig. 14 (b) ). Using the SPLD method reduces the
289
RMSE by over an order of magnitude to 4.44.
290
For the validation that SPLD projection method may achieve accurate iterative reconstruction, we 291 perform several reconstruction studies. The mathematical phantom is what is shown in Fig. 13 ; the is to illuminate that the reconstruction error of the SPLD based least square algorithm comes from the 311 sparseness of projections sets. In the study, the sparseness radio is 64×208 64×64×64 ≈ 5.1 %, which is too sparse 312 for least square algorithm to achieve accurate reconstruction. If the ordinary pixel-driven projection 313 method is used, the reconstruction artifacts cannot be avoided even more projections or compressed 314 sensing techniques are used. But we do not show more reconstruction results for the briefness. Figure 16 shows the RMSE and profile comparisons for the study. It may be seen from Fig. 16 316 (a) and the second row of Table 2 that the ordinary pixel-driven projection method has the highest 317 RMSE, however the SPLD method may achieve higher accuracy (lower RMSE). Comparing is used, for example TV minimization, the reconstruction accuracy may be higher (see Fig. 16 (d) 
321
and its RMSE value shown in Fig. 16 (a) ). Also, we use CNR to continue evaluate the reconstruction 322 accuracy. The signal ROI and the background ROI are shown in Fig. 17 (a) . The CNR bar comparison 323 is shown in Fig. 17 (b) and the CNR data are shown in Table 2 .
324
From Fig. 17 (b) and the third row of Table 2 , we see that the SPLD pixel-driven projection method 325 may outperform the ordinary projection method as per the CNR evaluation on the reconstructed object.
326
Here, the CNR of the ordinary method is just 3.88. However, CNR of the SPLD method has increased 327 to 11.58. If we use TV algorithm with the use of SPLD projection method, the CNR may achieve very In summary, both the qualitative and the quantitative evaluations appear to illuminate that the SPLD 330 projection method may be used in iterative reconstruction algorithms for 3D EPRI to achieve high 331 accuracy; however the ordinary pixel-driven projection method always suffers from high-frequency 332 artifacts, confining its application. In this work, we focus on accurate projection methods for iterative reconstruction. We propose 3 339 novel accurate pixel-driven projection methods: SPLD, LIB and DAB pixel-driven methods. Then with the ordinary pixel-driven projection methods that are known to result in high-frequency artifacts. We also extend the SPLD pixel-driven method to 3D EPR imaging. The projection generated from 344 a 3D object using SPLD pixel-driven method with a re-sampling factor ≥2 showed an immense 345 improvement in projection accuracy and the corresponding reconstruction accuracy compared to the 346 ordinary pixel-driven method.
347
The SPLD pixel-driven projection methods need to divide each pixel into 4 small pixels (or each 
